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abstract
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Introduction to adverse outcome pathways and the scope of discussion
Recently, a mechanistic pathway-based vision has been advocated for use in both human health (Krewski et al., 2010) and ecotoxicological (Ankley et al., 2010; risk assessment. This approach aims to incorporate the information generated by non-traditional toxicity testing and high-throughput screening technologies based on small organisms or in vitro systems into the process of chemical hazard evaluation, by applying computational models to extrapolate data to higher levels of biological organization. In support of mechanism-based risk assessment, the concept of adverse outcome pathways (AOPs) has been proposed as a framework to organize and communicate the existing knowledge on the toxicity mechanisms and outcomes across levels of biological organization (Ankley et al., 2010) .
A schematic representation of information flow within an AOP is shown in the top panel of Fig. 1 . An AOP depicts the progression from a molecular initiating event (MIE; a direct interaction of chemical with its molecular target) through subsequent responses at cellular, tissue, organ and individual organism levels leading to an adverse outcome (AO) that is relevant to risk assessment and regulatory decision-making. The individual-level AOs commonly used in ecotoxicology describe impacts on survival, growth and reproduction. The AOs can also be defined at the level of populations, e.g. population decline. The events occurring between MIE and AO are termed intermediate events. An intermediate event is considered to be a key event (KE) if it represents a biological change that is (i) measurable and (ii) necessary for an AO to occur. Key event relationships (KERs) provide the description of linkages (qualitative and quantitative) between adjacent MIEs, KEs and AOs (Fig. 1, top panel) . Thus, through successive stages of identifying, confirming and quantitatively defining KERs, an AOP forms a foundation for alternative approaches to predict and assess potential hazards. Validated quantitative KERs would allow predicting the AO based on measurements of preceding KE(s) in suitable systems, instead of performing whole-organism toxicity tests or field studies to directly observe an apical AO, which can sometimes be expensive, impractical or even impossible (e.g. population decline in non-model species).
In the following discussion, we will focus on exploring how the AOP concept can be used to improve our understanding and ability to predict chronic toxicity outcomes in an ecotoxicological context. By chronic toxicity we mean detrimental effects arising at individual or population levels following long-term continuous or fluctuating exposure to chemicals at sublethal concentrations. That is, concentrations not high enough to cause mortality or directly observable impairment following acute (short-term) exposure, but able to induce specific effects potentially leading to adverse outcomes occurring at a later time point. Importantly, delayed toxicity outcomes as well as epigenetic and transgenerational effects of chemicals are included in this definition. First, we discuss how the AOP concept can be used to facilitate understanding and qualitative prediction of chronic toxicity outcomes (Section 2). Next, we focus on information needs and challenges in application of qualitative and quantitative AOP knowledge for full chemical-and site-specific risk assessment (Section 3) and for extrapolation across species (Section 4), and provide recommendations for potential extension of the AOP framework.
Development of AOPs to improve understanding and prediction of chronic toxicity in ecotoxicology
Contemporary hazard assessment largely relies on the results from short-term acute toxicity tests carried out in the laboratory with a few guideline species, complemented with long-term chronic toxicity tests performed with an even smaller number of species. To account for uncertainties in data extrapolation, assessment factors are conventionally applied to determine safe chemical exposure concentrations or daily doses. However, such an approach for acute-to-chronic and cross-species extrapolation lacks a sound scientific basis. Since conventional tests focus on only a few apical endpoints such as survival, growth and reproduction, they deliver mostly descriptive information, providing little insight into underlying mechanisms and chemical modes of action. This general lack of mechanistic understanding precludes a broader incorporation of additional sublethal endpoints and severely limits the usefulness of information obtained in one species with one chemical for extrapolation to other species, other chemicals and a combination of chemicals. Moreover, current hazard assessment strategies are rather unsatisfactory from economic as well as ethical points of view. Economic aspects include the enormous resources needed to perform labor-and time-intensive whole-animal toxicity tests as well as losses induced through unjustified use of too conservative assessment factors. Ethical considerations encompass the concerns regarding animal use, with increasing societal pressure to develop alternative testing methods to replace, reduce and refine the use of animals in chronic toxicity assessment without sacrificing protection goals for human and environmental health (Walker, 2008) .
Therefore, a better understanding of the influence of subtle toxicity effects on individual and population fitness is needed in order to support a broader integration of data on sublethal effects into risk assessment frameworks. Moreover, more mechanistic knowledge on the effects of chronic exposure, including exposure to mixtures, is needed, as detailed information on the mechanisms may facilitate the development of alternative testing methods as well as help prioritize higher tier toxicity testing. We argue that the development of respective AOPs would support both of these aspects by promoting the elucidation of molecular mechanisms and their contribution to relevant toxicity outcomes. Pertaining to development of AOPs for chronic toxicity, two types of situations can be recognized: information-rich and information-poor.
Development of chronic toxicity AOPs: information-rich situations
For several specific cases of chronic toxicity, a large body of knowledge already exists. For example, with regard to toxicant- Fig. 1 . Information flow in ecotoxicological risk assessment: key features and suggestions for further development of adverse outcome pathways framework. Top panel depicts the information flow during risk assessment, indicating the AOP position in the process. Far-left column defines several specific aspects, which are discussed in relation to AOP framework and its potential extension to include additional information. Abbreviations: AOP, adverse outcome pathway; MIE, molecular initiating event; KER, key event relationship; KE, key event; AO, adverse outcome; AOP Xplorer, a tool for AOP visualization within the AOP wiki resource; QSAR, quantitative structure-activity relationship; PBTK, physiologically-based toxicokinetic models.
induced behavioral alterations or immune disruption, substantial mechanistic information is already available across multiple taxa, albeit with differing level of detail or data quality. It has also been demonstrated that toxicant-caused behavioral changes may affect foraging and reproduction success (Sebire et al., 2011; Brodin et al., 2013) , while impairment of the immune system may result in increased susceptibility to pathogens leading to reduced survival (Wenger et al., 2011) . Clearly, such sublethal effects may impair individual fitness and consequently affect the viability of populations. Nonetheless, behavioral or immune system alterations are still rarely taken into account during ecotoxicological risk assessment, largely due to the lack of sufficient understanding regarding the persistence of such effects and their overall contribution to population-level outcomes. Moreover, research relevant for that particular assessment has typically been performed by several groups with diverse chemicals and species, various study designs and divergent research questions in mind, with the results spread across multiple scientific papers and study reports. Thus, collection of relevant information as well as evaluation of certainty in any of the claimed outcomes present a formidable task for risk assessors faced with the need to integrate all available knowledge.
In this context, AOPs provide a much-needed framework to systematically collect, organize and evaluate the existing information, making it available for use by scientific and regulatory communities. To facilitate development and sharing of AOPs, an online interface called AOP wiki is currently being developed (https://aopkb.org/aopwiki/) as part of a broader AOP knowledgebase (AOP-KB) resource intended to include additional modules for AOP exploration and capturing of quantitative relationships (Villeneuve et al., in press-a) . AOP wiki is a text-based open-source tool designed to record and present the AOP-related knowledge in a series of linked wiki pages, providing a practical solution to collaborative efforts on AOP development, evaluation and application.
The development of AOPs would help to evaluate the strength in the relationships between certain suborganismal changes and individual AOs and, where such relationships have not yet been sufficiently demonstrated, would help to guide further research aimed at filling existing data gaps. For example, molecular investigations performed with diverse ''omics'' techniques provide a useful starting point for formulating hypotheses regarding the mechanisms of action and thus AOPs potentially triggered by certain toxicants (Sturla et al., 2014) . However, to confirm the AOPs inferred from ''omics'' data, studies should be aimed at verifying the postulated links between the upstream events at the subcellular and suborganismal levels and the proposed AOs of regulatory relevance. This link from upstream effects to downstream AOs is often missing in many ''omics'' studies and additional research is clearly needed to fill these knowledge gaps.
Due to similarities in molecular mechanisms that lead to toxicological outcomes, AOPs also provide a defensible framework for extrapolating chemical effects across species, thus allowing a broader integration of all available information and generation of robust hypotheses to be tested (Perkins et al., 2013) . For example, in the case of pharmaceutical micropollutants, the existing knowledge on their actions in mammals can be used to develop AOPs (Brausch et al., 2012) , which along with evaluation of molecular targets conservation could help in predicting relevant toxicity outcomes in other species of concern, such as fish (Gunnarsson et al., 2008; Domingo et al., 2010) . Using this information, further research could specifically focus on clarifying whether the predicted effects do occur and whether they lead to toxicity outcomes relevant for risk assessment.
The improved mechanistic understanding of the linkages between the toxicity events at different levels of biological organization gained through AOPs could support the development of alternative testing methods for assessment and prediction of toxicity. Once important MIEs or KEs are elucidated and their linkages to certain AOs shown to be strong, one can search for existing alternative tests that can inform on the ability of toxicants to cause the identified events. These tests could be used instead of whole animal testing. If suitable alternative tests are not available, this might provide an incentive to develop a new one specifically tailored to the identified KE. In this way, AOPs can help prioritize the investment of research efforts into validation or development of alternative tests. For example, it has been proposed to use the early fish development AOPs established around endpoints that can be assessed in the zebrafish embryo test to support tiered chemical screening and prioritization strategies (Volz et al., 2011) . Along these lines, several AOPs have been suggested recently to support the use of swim-bladder inflation (or lack thereof) in early fish larvae as an endpoint to predict chronic toxicity in fish early life stage tests (Villeneuve et al., 2014) . It has to be emphasized that, although in the near term more animal testing might need to be done in order to fill the knowledge gaps identified during AOP development, ultimately the improved understanding of mechanistic links across biological scales will allow reduction and replacement of animals used in toxicity testing.
Development of chronic toxicity AOPs: information-poor situations
One toxicity outcome of considerable concern for the environment is the occurrence of delayed toxicity following a short-term exposure event occurring much earlier than the observed adverse effects, potentially mediated through chemical interference with epigenetic regulation in the organisms. For such effects, relatively little mechanistic information is available, especially for non-mammalian species. Another example for a data-poor situation is multigenerational effects of chemicals, occurring either through genetic adaptation or epigenetic mechanisms, for which we need to evaluate their potential to affect populations in the environment. Robust and reliable testing strategies for both delayed toxicity and multigenerational effects have not yet been developed or are extremely resource-intensive to perform. Developing the putative AOPs for these cases, even the incomplete ones (e.g. lacking MIE or missing clearly defined KEs), may help to identify data gaps that need to be filled as a first priority. This activity may prove beneficial to further development of this field, helping to understand the relevance of epigenetic and multigenerational changes for risk assessment.
AOPs for delayed toxicity and epigenetic effects of chemicals
Epigenetic alterations in individuals may affect the viability of populations over the long-term, in particular because of their involvement in the developmental programming of late disease phenomenon, which refers to the increased incidence of delayed adverse effects observed in individuals exposed to a toxicant during critical periods of early development (Weaver, 2007; Dolinoy and Jirtle, 2008; Gicquel et al., 2008; . Epigenetics refers to molecular mechanisms resulting in gene expression changes that occur without altering the original DNA coding sequence itself. One such mechanism is DNA methylation, with hypermethylation and hypomethylation of promoter DNA usually associated with gene silencing and transcription activation, respectively (Suzuki and Bird, 2008) . The peculiar sensitivity of the early developmental time window to toxicant-caused epigenetic disruption is explained by the fact that embryo development is tightly governed by epigenetic regulation (Morgan et al., 2005; Feng et al., 2010) and epigenetic remodeling induced during this period may persist into adulthood (Szyf, 2009; Bernal and Jirtle, 2010; Faulk and Dolinoy, 2011) . The epigenetic contribution is particularly well documented in the context of endocrine disruption (Crews and McLachlan, 2006; Bernal and Jirtle, 2010; Zama and Uzumcu, 2010; Greally and Jacobs, 2013; Svechnikov et al., 2014) as well as in the initiation of cancers (Newbold et al., 2000; Herath et al., 2006; Mirbahai et al., 2011) . Moreover, it has also been implicated in many other dysfunctions including disruption of immune (Rodriguez-Cortez et al., 2011; Boehm et al., 2012) and nervous (Oliveira, 2012; Qureshi and Mehler, 2013) systems.
Most of the available information on early programming of late disease and its regulation by epigenetics has been generated in mammals, while comparatively much less is known for other species. However, in fish for example, cases of developmental reprogramming by stress and glucocorticoids have been reported (Varsamos et al., 2006; Auperin and Geslin, 2008; Vijayan, 2012, 2013) . Moreover, it is already known that the basics of the epigenetic regulation machinery are well conserved in fish and that the fish epigenome is susceptible to environmental influences (Aniagu et al., 2008; Li et al., 2009; Wang et al., 2009; Stroemqvist et al., 2010; Pierron et al., 2011; Fang et al., 2013) . Nonetheless, a recent study found little similarity between epigenetic responses induced by several model chemicals in fish and mammals (Olsvik et al., 2014) .
In invertebrates, the ability of nutritional status to affect phenotype through the induction of epigenetic changes has been demonstrated in honey bees (Kucharski et al., 2008) , heat stress was found to affect methylation of satellite DNA in Triboleum castaneum (Feliciello et al., 2013) and in some cases exposure to metals was shown to interfere with DNA methylation in Daphnia magna (Vandegehuchte and Janssen, 2011) . However, in contrast to the mechanism of gene silencing associated with promoter methylation in vertebrates (Suzuki and Bird, 2008) , in invertebrates it seems that DNA methylation rather serves as a means to modulate alternative splicing events (Lyko et al., 2010; Lyko and Maleszka, 2011) . Moreover, DNA methyltransferases appear to be less well conserved among invertebrates compared to the situation in vertebrates. Some invertebrates, like Caenorhabditis elegans, do not even contain functional DNA methyltransferase activity and employ alternative gene silencing mechanisms such as RNA interference (Feng and Guang, 2013) . Overall, much more research is still needed to clarify the many remaining questions concerning the conservation of epigenetic mechanisms and cross-species comparability.
A critical gap exists in knowing which parameters to use to develop AOPs for toxic effects that are due to epigenetic changes. What should be used as a KE in particular cases: the change in DNA methylation patterns or only the subsequent downstream alteration of gene expression? Indeed, it appears that chemicals do have the ability to produce a characteristic change in specific methylation patterns (Bachman et al., 2006; Mirbahai et al., 2011; Thomson et al., 2012 ) that could be one of the KEs in a pathway leading to a detrimental outcome, however, the differences between purely adaptive or adverse changes need to be delineated in more detail. On the other hand, the earlier KE might be the metabolic pattern change that results in altered DNA methylation or modification of histones (another epigenetic mechanism), in turn leading to an AO defined as an increased susceptibility to certain diseases. One example of metabolism-related KE is the disruption of the one-carbon pathway, which can be perturbed either directly as in the case of arsenic (Vahter, 2007) or through dietary deficiency, exemplified by metabolic diseases in humans born during The Dutch Famine (Heijmans et al., 2008) and cancer induced by choline deficiency in rodents (Ghoshal and Farber, 1984) . Indeed, pathways revealed by transcriptomic and metabolomic analyses can be highly predictive of a specific AO, as has been demonstrated for example for some carcinogens (Ellinger-Ziegelbauer et al.,
2005; Thomas et al., 2007; Fielden et al., 2011) . Thus, such ''omics'' analyses hold the potential to be developed into useful prediction tools potentially applicable across vertebrates Williams et al., 2014) . In general, keeping ''AOP-relevant'' questions in mind may allow for better design of studies investigating the chemicals' interference with epigenetic regulation, because it has to be emphasized that not only changes in certain epigenetic aspects should be demonstrated, but also their relationship to and significance for the fitness of the organism need to be understood.
AOPs for multigenerational effects of chemicals
Ecotoxicological risk assessment strategies today are predominantly based on assessing effects of short-term exposures within a single generation. In contrast, field populations experience long-term exposure over multiple generations. This poses a particular selective pressure on populations, to which they respond through adaptation (Morgan et al., 2007) , although it has to be noted that the mere presence of a reproducing population in a contaminated area does not necessarily mean that it has specifically adapted (Lagisz et al., 2005) . Adaptive evolutionary forces were shown to affect outcomes of ecotoxicologically and ecologically relevant individual metrics such as survival and reproductive output in both invertebrates (Roelofs et al., 2009 ) and vertebrates (Whitehead et al., 2013) . The exposed organisms can evolve to tolerate chronic exposure to elevated concentrations of chemicals through genetic adaptation, such as by constitutive overexpression or copy number amplification of genes involved in detoxification pathways (Roelofs et al., 2010) . Apart from a genetic component, epigenetic mechanisms could also play a role in adaptive responses. Although still to be fully established, it appears possible that, under defined conditions, altered methylation patterns can be passed through to progeny, thus influencing for example disease susceptibility in the next generations, the phenomenon commonly referred to as transgenerational epigenetic modifications (Skinner et al., 2010) . Such effects can persist even when the next generations are not directly exposed to the chemical inducer anymore, however, the conclusive evidence is still rather limited .
At present, the estimation of the impact of contamination on a population over multiple generations presents a difficult and still incompletely resolved task. The currently available knowledge is yet insufficient for construction of full AOPs that include multigenerational effects. However, it can be envisioned that AOPs can be used to identify important targets playing a role in the adaptation, e.g. expression of a specific gene or activity of a specific enzyme associated with a KE in a relevant AOP. Consequently, the identification of well-defined and quantifiable KEs may aid in elucidating cases and causes of genetic and epigenetic adaptation, providing a better understanding of potential multigenerational effects of chemicals.
3. Application of the AOP framework in environmental risk assessment: challenges and research needs Although qualitatively described AOPs may be useful for some regulatory applications (Perkins et al., 2014) , such as grouping chemicals for priority screening during lower tier risk assessment, the use of AOPs in a full risk assessment would require a quantitative description of the links between suborganismal changes, ecologically relevant outcomes in individuals and population-level responses. Moreover, a complete risk assessment would need to be based not only on the simplified toxicodynamic sequence of events depicted in the AOP itself, but also take into account chemical-(e.g. external and internal exposure) and situation-specific (e.g. outcomes for a specific field population) aspects. Key information needs and uncertainties along each stage of the risk assessment process are shown in the respective panels of Fig. 1 .
An explicit incorporation of chemical-and situation-specific information in the AOP framework would strengthen the utility of this resource for supporting risk assessment. This may be accomplished by developing dedicated modules in the AOP wiki along with specific requirements to record such information. Such an extension of the AOP framework would also support the integration of AOPs with other conceptual and computational models by providing common interfaces. This in turn would facilitate the move from qualitative to quantitative AOPs by offering efficient means to collect, generate or model quantitative relationships.
In the next subsections, we will discuss the key challenges as well as potential directions for further development of the AOP framework for risk assessment, including a broader use of the AOP wiki and integration with computational and conceptual models. The discussion will be structured along the progressive stages of information flow in the risk assessment process as outlined in Fig. 1 .
External and internal exposure: chemical-specific information in the AOP framework
The AOP framework, as it exists now, is constructed to capture the MIE and progressively link it through higher levels of biological organization to an AO of regulatory relevance. Although the knowledge about the effects of specific toxicants is often used during the initial stages of AOP construction, the completed AOPs themselves are conceptualized as being non-chemical-specific entities, intended to capture generalized motifs of biological response to a given perturbation (Villeneuve et al., in press-b) . For example, a process of constructing an AOP initiated at the event of activation of a certain nuclear receptor would likely start by putting together the data obtained from empirical studies with particular ligands of that receptor. At this stage, the resulting AOP would remain a chemical-specific case study. However, once enough evidence is collected that supports the occurrence of downstream KEs and AOs following the event of receptor activation, an AOP can be generalized and consequently becomes non-chemical-specific. In other words, such an AOP would state that once a particular nuclear receptor is activated to a sufficient extent for a sufficient duration (by any chemical or a mixture of similarly acting chemicals), this would elicit the sequence of KEs and AO(s) defined in this AOP.
Since AOPs are, by definition, non-specific regarding chemical identity, the AOP description does not, as of yet, specifically require the information on external or internal exposure aspects, though it can be added on an optional basis. However, when applying a particular AOP to a specific regulatory question, such as estimating the risk for a given species in a certain environmental setting, it would be necessary to explicitly consider exposure conditions as well as species traits affecting toxicokinetic processes. These issues will be discussed in more detail in the following subsection.
Information needs and uncertainties
The likelihood of an MIE being triggered in a particular species following a particular exposure situation depends not only on the presence of target structures and molecules per se, but also on whether the chemical in its active form actually reaches the toxicity sites within an organism. Thus, bioavailability and toxicokinetic processes require specific attention if the AOP is to be used for any quantitative assessments with regulatory relevance. In that case, the most essential information requirements would be to know (i) what is the external chemical concentration that triggers the MIE, (ii) what is the corresponding internal chemical concentration at the MIE-associated target, (iii) how do toxicokinetic processes differ between species, and (iv) how are the MIE activation and downstream effects affected by exposure duration and frequency.
The toxicokinetic processes that define the internal exposure concentrations, often abbreviated as ADME, include absorption (uptake), internal distribution among organs and cellular sites, metabolism (phase I and phase II biotransformation) and elimination. The speed and nature of these processes depend not only on the species and life stage in question, but also on the chemical itself. Understanding the influence of external exposure conditions on the speciation and amount of chemicals available for interaction with the organism is obviously very important for risk assessment of respective compounds, because the nominal concentrations of chemicals added to the system rarely correspond to the concentrations that are bioavailable for uptake and result in toxicity. For many toxicants, external exposure factors such as composition of exposure medium, pH or temperature are known to affect their speciation and hence bioavailability as well as bioaccumulation potential. For example, exposure medium composition affects physico-chemical properties and toxicity of silver nanoparticles and silver ions (Groh et al., 2014; Yue et al., 2014) , while medium pH is known to affect the speciation and bioconcentration potential of ionizable compounds (Nakamura et al., 2008; Rendal et al., 2011) . Moreover, exposure route (e.g. oral dosage vs. waterborne exposure) has a large influence on subsequent toxicokinetic processes, as these may greatly differ depending on the point of entry in the organism.
Apart from barrier functions that can influence uptake, additional regulators of internal concentrations are membrane-bound ATP-Binding-Cassette (ABC) transporters (Bates et al., 2001 ). These proteins may pump the chemical out of the cells before it reaches the internal target sites, but if blocked, allow it to accumulate to cause increased toxicity (Kurelec, 1992; Bard, 2000) . Recently, Fisher et al. showed that inhibition of one such transport protein (Abcb4) led to a significantly higher mortality of zebrafish (Danio rerio) embryos upon exposure to a variety of common environmental contaminants (Fischer et al., 2013) , emphasizing that consideration of these processes is especially important during evaluation of mixture toxicity.
Toxicokinetic differences can often explain the observed variations in species sensitivity. Total body burden is frequently used as a surrogate measure of internal concentrations in studies aimed at elucidation of uptake, biotransformation and elimination processes (Rubach et al., 2010; Kretschmann et al., 2012; MeredithWilliams et al., 2012; Jeon et al., 2013) . However, recently the importance of organism-internal distribution for species sensitivity has also been demonstrated . Compared to Gammaridae, the snail Lymnea stagnalis was shown to be much less sensitive to some neurotoxic pesticides, despite accumulating significantly higher amounts of these chemicals on a whole-body basis. This was explained by the observation that accumulation in the snails was largely restricted to the gastrointestinal complex, while much lower amounts were detected in the nervous system, which is the target toxicity site of these compounds . Moreover, the knowledge on target sites and distribution of the chemical in the organism allows making more reliable assumptions on the AOPs most likely to be triggered in a particular situation.
Integration with computational models
Diverse models can be used to predict the exposure characteristics discussed above. For example, the influence of external exposure conditions can be modeled using chemical fate and speciation models (Mackay and Webster, 2003; Fu et al., 2009; Rendal et al., 2011; Arnot et al., 2012; Hendren et al., 2013) . A wide variety of chemical structure-based in silico prediction models are available that allow evaluating certain ADME characteristics (Kulkarni et al., 2005; Gleeson, 2008; Yang et al., 2012; Piechota et al., 2013) o ra chemical's ability to interact with a particular MIE-associated target (Ellison et al., 2011; Enoch and Cronin, 2012; Rana et al., 2012; Vedani et al., 2012; Vinken, 2013; Wu et al., 2013) . Dedicated web-based computational platforms are being continuously developed further (Jeliazkova, 2012) . A quantitative model that enables the prediction of actual medium concentrations during in vitro testing, accounting, for example, for chemical losses due to evaporation or adsorption to plastic, has been developed recently (Stadnicka et al., 2014) . Further, physiologically-based toxicokinetic models (PBTK) can be used to predict organ-or tissue-specific chemical concentrations, thus providing the information on internal chemical distribution. PBTK model development in ecotoxicology has thus far largely been focused on fish, e.g. (Nichols et al., 1990; Nichols and Fitzsimmons, 2004; Murphy et al., 2005 Murphy et al., , 2009 Watanabe et al., 2009; Li et al., 2011a; Stadnicka et al., 2012) , with incorporation of biotransformation being an area of active research (Nichols et al., 2006 (Nichols et al., , 2007 (Nichols et al., , 2013 Fay et al., 2014) . The same concepts can certainly be applied to other organisms, such as invertebrates, e.g. (Nyman et al., 2012 . Within the AOP framework, PBTK models can be used to predict the concentration at target sites, which can then be applied in mechanistic investigations as well as for in vitro to in vivo extrapolation. This latter approach, termed reverse toxicokinetics (Wetmore et al., 2012) , helps to directly link in vitro and in vivo chemical concentrations and adverse effects (Stadnicka et al., 2014) .
Facilitation through AOP wiki
As has been explained above, external and internal exposure aspects are not part of the AOP concept itself because chemicalspecific considerations cannot be generalized. However, toxicokinetic information and associated modeling approaches represent a critical complementary piece to the AOP knowledge and its application for predictive risk assessment. Therefore, we recommend initiating a systematic collection of the information on exposure, chemical properties and species-specific toxicokinetic processes within the AOP wiki. To record these aspects, a specific and mandatory module could be included in the AOP wiki, for example by extending the already existing chemical initiator pages. Where possible, this chemical-specific information should be linked to relevant MIEs. Thus, the MIE would serve as an interface between the chemical-specific considerations and the generalized biological response to initial perturbations by chemicals.
The availability of a detailed description of exposure and toxicokinetic aspects for specific chemicals and species, linked with MIEs, would enhance the utility of the AOP wiki as a comprehensive source for toxicity information, supporting development of models as well as downstream applications for risk assessment. The request to take toxicokinetics into account would facilitate the establishment of connections between researchers with toxicokinetics and toxicodynamics backgrounds working on different parts of the same pathway, supporting quantitative modeling for relevant aspects. At the same time, this information would serve as a reminder on specific issues to consider for those applying the developed AOPs to particular cases in regulatory risk assessment. In the longer term, the inherent ability of AOP wiki tool to create an interconnected system of relevant components (e.g. transporters, enzymes and biotransformation pathways) may also allow creating an invaluable resource for estimation of ADME capacities across species.
Applying AOPs to predict toxicity in individuals and populations: modifying factors and quantitative aspects
AOPs allow anchoring the suborganismal changes, including those predicted by in vitro assays, to tangible in vivo outcomes in the organisms (Ankley et al., 2010) . For human health risk assessment, practically any individual-level AO can be used. However, for the AOPs that are meant for application in ecotoxicological risk assessment, it is important that individual-level AOs are useful for further prediction of population-level effects. Furthermore, to enable AOP application for quantitative risk assessment, the linkages between KEs and AOs need to be defined quantitatively.
Information needs and uncertainties in regard to modifying factors
The most frequently measured and arguably the most important ecologically relevant individual-level AOs include survival, growth and reproduction. The link between population fitness and major demographic metrics such as survival and reproduction appears obvious. Growth is also an important metric, because many ecological interactions are size-based (Crowder et al., 1992) . Other types of individual-based effects that have high ecological relevance include behavioral changes, again because these often directly influence survival, growth and reproduction. For example, nesting, mate attraction and territory establishment behaviors are related to reproductive success in the wild, while boldness, migration, social behavior and predator-prey interactions influence predator avoidance and prey capture success and thus overall survival as well as growth. However, at present the significance of such behavioral effects for population fitness is not yet fully understood and standardized tests are largely unavailable, precluding broader inclusion of behavioral effects in risk assessment (see also Section 2.1).
Within the AOP framework, relevant individual-based AOs discussed above are put forward as providing the link to populationlevel outcomes (for review see (Kramer et al., 2011) ). However, to our knowledge, in most of the so-far available AOPs, the link between individual-based and population-level AOs is only postulated, but not yet in detail described, quantified or modeled, and therefore often remains elusive. Establishing the link between individual-based AOs and population-level responses is complicated by the fact that population outcomes are highly context-specific and depend on both internal (organism-specific) and external (site-specific) factors.
When laboratory-based testing of individual species is used for making predictions regarding the effects on populations exposed in the environment, two important extrapolations are attempted, namely (i) extrapolation between individual toxicity outcomes observed in the laboratory and those that would occur with individuals in the field and (ii) extrapolation from individuals to populations. For example, the trajectory of AOs in individuals is influenced by natural factors such as temperature or salinity (Laskowski et al., 2010; Lokke et al., 2013) , as well as site-specific features such as food limitation, predator stress or population density (Heugens et al., 2001; Forbes and Calow, 2002; Relyea and Hoverman, 2006; Zimmer et al., 2012) .
Overall, there are still many knowledge gaps regarding the links between suborganismal changes and their consequences for individual organisms and populations, as well as regarding the influence of natural factors and species interactions on the trajectories of specific AOs. This is not surprising considering the shear amount of conditions that may need to be assessed and the fact that many of these metrics are often difficult to measure directly. For example, a few studies evaluated the links from molecular and physiological responses to fecundity in fish (Murphy et al., 2005; Miller et al., 2007; Murphy et al., 2009; Li et al., 2011b) , but this work did not provide information on egg quality, fertilization efficiency or reproductive behaviors. In this regard, the field of ecotoxicology should take advantage of the information obtained by available ecological studies, as many of them have looked at natural variation and how it affects fitness (Ellegren and Sheldon, 2008) or have explicitly focused on stressors that may be directly relevant in the context of AOPs, including disease, low food availability, predation, oxygen and temperature fluctuations, to name a few.
Quantitative relationships
To establish a quantitative AOP, thresholds for upstream MIE or KE to trigger the downstream KEs or AOs need to be defined, taking into account the potential modifying factors as well as site-specific contexts to the fullest extent possible. Furthermore, the predictive capacities of alternative tests when such are being developed, would need to be characterized quantitatively as well, both in regard to how well they reflect a specific KE but also for defining the effect thresholds that would be causally associated with relevant AOs.
Many toxicants are known to exert quite different effects at different doses, with variable contribution of diverse pathways to the final outcome at each concentration. In this context, we would recommend to first define the approximate concentration ranges where a particular AOP is likely to be activated. This concentration range could then be compared to the environmentally relevant concentrations to which most of the organisms in the wild are likely to be exposed, taking into account exposure routes, toxicokinetic considerations and cumulative exposure to mixtures of similarly acting toxicants. This comparison would allow identifying the AOPs most likely to operate in a particular case. In addition, it may also be used to prioritize the AOPs for which more detailed quantitative definitions should be developed first.
KE thresholds would need to be defined with regard not only to the dose of chemical, but also to the duration of exposure necessary to trigger a particular AOP. It has been repeatedly demonstrated that the dependence of toxic effects on exposure duration differs widely between chemicals and species. This has led to the suggestion that the exposure duration of toxicity tests should depend on the organism of choice in combination with the properties of the compound of interest (Baas et al., 2010) . Furthermore, as discussed in Section 2.2, the evaluation of delayed effects, in particular those associated with potential epigenetic changes arising from exposure to toxicants during early life, represents a yet unresolved challenge. That is why more mechanistic understanding is needed to help predict the reversibility or persistence of particular effects as well as the recovery rates in exposed organisms, which could in turn help developing novel test guidelines.
In order to move to quantitative AOPs, it might be practical to start with well-defined KEs supported by the strongest weightof-evidence and progressively develop quantitative aspects for most important KERs upstream and downstream. It is likely that such quantitative aspects would first be defined for a few specific AOPs and selected model toxicants. However, in the longer term the quantitative information gained in this way may be used for generalizing the quantitative KER knowledge within a particular AOP. Such quantitative studies must be designed to accomplish within the same experiment measurements of an MIE or KE at a lower level of biological organization (independent variable) and the subsequent changes in the KE or AO at a higher level of biological organization (dependent variable). Once the independent and dependent variables are linked through statistical or mechanistic models, future assessments will not need to always include both in one experiment, requiring such full validation experiments only occasionally (for example, when moving to a new species). As an example, natural variation in larval red drum behavior was statistically linked to predator avoidance success using empirical predation trials (Fuiman et al., 2006 ). These statistical relationships were then used to predict how behavior impairment caused by exposure to methylmercury would impact predator avoidance success in larval Atlantic croaker (Alvarez Mdel et al., 2006; Murphy et al., 2008) . Ideally, an empirical experimental validation of these modeling results should be performed in the future, but at the moment such statistical predictions are the best available to date. In a similar way, the data from countless ecological studies that look at how natural variation affects fitness may be used to enhance the individual-to-population extrapolation approaches within the AOP framework.
Finally, error structure in data used for AOP assemblage needs to be evaluated in order to determine levels of uncertainty acceptable for risk assessment (Clark, 2003; Chapman et al., 2007) . For this, data should be collected and reported in such a way that error can be ascertained. First, all that is uncertain in the experiment design, such as the theory, knowledge, models and methods of quantification, should be recognized. Then, the error that arises from numerous sources, such as random and systemic error, natural and statistical variation, subjective judgment, approximation and unpredictability, should be outlined. The methods should be standardized if at all possible to minimize variability and eliminate subjectivity. The data should be collected and reported in a way that preserves the variability in the observations, allowing for future sensitivity and probabilistic risk analyses. That is, the entire data structure or distribution should be made available, rather than reporting just the mean and standard error.
Integration with computational models
Since AOPs are designed to capture generalized motifs of biological response to a given perturbation, they cannot account for all the potential modifying factors that may influence the specific AOs in the individuals or for the site-specific environmental or community conditions that may affect the population-level AOs. However, to increase the usefulness of AOPs for site-specific assessments, it would be necessary to couple the AOPs with models that can consider some of these variables and their impacts on the AOs in specific cases. Existing computational models covering different biological scales could be used to quantitatively represent the dynamics of an AOP and new models could be developed specifically for particular AOPs. A closer integration of AOPs with computational models would facilitate reciprocal information exchange, potentially revealing additional generalization possibilities.
Diverse computational tools, including physiologically-based simulation models and statistical models such as frequentist or Bayesian, are available, that can aid in establishing the quantitative linkages between in vitro and in vivo outcomes as well as between suborganismal changes and their consequences for organism fitness. Toxicokinetic-toxicodynamic (TKTD) models provide explicit quantitative links between exposure and effects (Watanabe et al., 2009; Li et al., 2011a; Ashauer and Brown, 2013) . Moreover, TKTD models can be applied for modeling sublethal effects and have also proven particularly useful for estimating consequences of fluctuating exposures, as they allow taking into account organism recovery rates Galic et al., 2014) . Further, dynamic energy budget (DEB) models provide the means to infer the effects of toxicants that interfere with energy fluxes in the organisms (Sousa et al., 2010) . DEB models can also account for the effects of several modifying factors, such as food availability or temperature, on toxicity outcomes (Kooijman et al., 2008) . Thus, if important KEs identified through an AOP would turn out to be energy-related (as opposed to, for example, more specific effects such as interference with hormonal signaling), then DEB modeling can be used to extrapolate the effects occurring in different contexts across related chemicals and species, helping to further generalize the respective AOP. Recently, a general unified threshold model for survival (GUTS) has been developed, which incorporates a large range of existing TKTD-and DEB-based models for survival as special cases , thus providing even greater flexibility in choosing specific model parameters. To further scale to population, one can use individual-based models (IBMs), ordinary differential equation and matrix population models (Miller and Ankley, 2004; Munns et al., 2008; Kramer et al., 2011) , alone or in combination with TKTD or DEB models (Martin et al., 2013; Galic et al., 2014; Jager et al., 2014) . Recently, several situation-specific environmental scenarios based on different community composition parameters relevant for an overall population survival (e.g. predatory or forage type and quantity) have been simulated (personal communication, C. A. Murphy, Michigan State University).
A broader integration of computational modeling approaches with the AOP framework would facilitate establishment of quantitative aspects by guiding the collection and assemblage of quantitative data as well as by promoting more efficient communication between modelers and empiricists. We recommend that modelers closely work together with the empiricists to identify data structures amenable to modeling, ideally even before the actual experiments begin. Sometimes rather simple modifications of experimental design would allow capturing the data necessary for model parameterization, which will be lost otherwise. In other cases, data required by the model may turn out to be impossible to collect, but modelers can then help to design the experiments in a way that reduces uncertainty. Once the experiment has been conducted, the modeler may need to go back to modify the model and calibrate parameters. This would help identify further assumptions and data gaps to direct future experimental work.
On the other hand, AOP-based knowledge itself can support further development of computational models by helping to identify the important model parameters to focus on. For example, DEB models are useful for understanding energy fluxes (Sousa et al., 2010) and their utility for toxicity prediction has been demonstrated based on several datasets (Kooijman and Bedaux, 1996; Jager and Kooijman, 2005) . However, the significant challenges associated with obtaining the empirical data needed to parameterize DEB models, especially for the situation where toxicants are involved, have led to their oversimplification in many cases (Jager et al., 2014) . To guide the collection of empirical data for parameterization of a specific DEB model, the most likely affected process needs to be known for each group of chemicals and/or species. This knowledge can be gained through analyzing respective AOPs. Similarly, the information on mechanisms and types of linkages between endpoints, which is required for successful application of TKTD approaches to sublethal effects modeling , can be gained from AOPs. Finally, alternative tests developed for particular KEs could also provide data useful for parameterization of computational models.
Facilitation through AOP wiki
As discussed in the previous section, integration of AOPs with computational models would greatly speed up the development of quantitative aspects, thus supporting a broader application of the AOP-based framework for prediction of adverse effects for untested chemicals and species. In order to provide common interfaces that would promote such an integration and engage a wider scientific community, the AOP wiki can and should be used to capture the context-specific knowledge concerning modifying factors or community structure considerations, as well as quantitative information, where available. We recommend that the information on measurement methods and alternative assays be recorded in the MIE and KE descriptions, while quantitative aspects and influence of modifying factors should be described in the KERs. Alternatively, to accommodate the information on diverse fieldrelevant processes influencing extrapolation from individuals to populations, a situation-specific ''cap'' could be introduced that would simulate the community structure and its potential influence on the outcomes for a particular population resulting from certain changes in individual-based ecologically relevant AOs. Thus, incorporation of these aspects in the AOP wiki would provide a highly relevant information collection point useful to communities working on laboratory-to-field and individual-topopulation extrapolation approaches, both experimental as well as modeling-based.
AOP-based extrapolation across species
Cross-species extrapolation has particular relevance in the context of ecotoxicological risk assessment, because toxicity outcomes need to be predicted for multiple divergent species. The usefulness of the AOP framework for cross-species extrapolations has been highlighted previously (Celander et al., 2011; Perkins et al., 2013) and several examples of how toxicokinetic and toxicodynamic processes contribute to differences in species sensitivity have been given above. Below, we will briefly discuss how AOPs can be used to support common strategies applied for species extrapolation (Section 4.1) and present a venue for a broader integration of evolutionary life history theory with AOP concept, which could be developed into another useful approach to cross-species extrapolation (Section 4.2).
Application of AOP knowledge in support of cross-species extrapolation strategies
Currently available approaches for cross-species extrapolation include species sensitivity distributions (SSD; (Posthuma et al., 2002; Suter, 2002; Chapman et al., 2007; TenBrook et al., 2010) ) and interspecies correlation estimation (ICE; (Raimondo et al., 2010) ). These methods make assumptions on the most sensitive species from those that can be tested in the library and/or use correlations. AOP-derived information could be used to design the testing strategies aimed at identifying sensitive species or making quantitative prediction of SSDs. In particular, such analyses could focus on evaluation of sequence homology or conserved functional domains across molecular targets associated with MIEs and KEs in different species , as well as functional evaluation of toxicokinetic and toxicodynamic differences for specific processes and targets across species, identified through AOPs.
Interestingly, comparative genomics approaches, such as comparative transcriptomics, can be used to identify conserved regulatory gene modules, thus highlighting important molecular targets to focus on for extrapolation across species. The motivation to compare transcriptional responses across species is mainly driven by the notion that transcriptional responses that are conserved would also be functionally important (McCarroll et al., 2004; Tirosh et al., 2006; Lu et al., 2009 ) and could therefore lead to identification of MIEs relevant for a large number of species. When actual expression levels are compared across species and time points, typically only a small fraction of the available information can be analyzed, because ortholog pairs are difficult to identify among distantly related species (Tirosh et al., 2007) . To overcome this limitation, it has been suggested to focus instead on patterns of gene expression, as it was shown that such co-expressed modules, when conserved, also have high functional significance (Bergmann et al., 2004) . This concept has also been applied in an ecotoxicogenomics context to analyze evolutionary conserved transcriptional responses upon exposure to the neurotoxicant hexahydro-1,3,5-trinitro-1,3,5-triazine (RDX) among five phylogenetically disparate species (rat, northern bobwhite quail, fathead minnow, earthworm and coral), resulting in the identification of a neurotransmission-related transcriptional network highly conserved among these divergent organisms (Garcia-Reyero et al., 2011). Similar evidence on phylogenetically conserved stress responses and molecular targets has been published in relation to selected pharmaceuticals, genotoxic and carcinogenic compounds (Gunnarsson et al., 2008; Ellinger-Ziegelbauer et al., 2009) .
On a functional level, interactions between toxicants and specific molecular and biochemical targets in multiple species can be studied by diverse in vitro assays (Basu et al., 2007) . For instance, in vitro assays that evaluate enzyme activity or receptor binding properties make up a large component of EPA's ToxCast program (Knudsen et al., 2011) . In vitro tests operate under the assumption that in vitro and in vivo responses correlate and, once this assumption is validated, may constitute a powerful hazard assessment tool (Head and Kennedy, 2009) . A particular advantage is that in vitro assays can be performed with tissue collected from a few individuals in the field, thus obviating the need to maintain large numbers of diverse animals in the lab, which is particularly valuable for species that are endangered or difficult to keep in captivity. For example, different sensitivity of several wild fish to the chemical-induced impairment of steroidogenesis has been demonstrated recently by using in vitro assays based on gonadal tissue explants from fish collected in the field (Beitel et al., 2014) .
When attempting cross-species extrapolation, we recommend focusing first on species already used in ecotoxicological risk assessment, since it is likely that more information will be initially available for these. The AOP knowledge as well as results from computational predictions or in vitro tests outlined above can be used to identify additional sensitive species that may need to be included in further toxicity testing in vivo. In addition, species differences in epigenetic regulation (see Section 2.2.1) may need to be taken into account in the future.
Integration of evolutionary life history theory and AOPs to improve cross-species extrapolation
In this section, we would like to present our view on how reciprocal information exchange between evolutionary life history theory-based studies and AOPs could be mutually beneficial for both fields. We argue that in the long-term, this approach could also allow making more reliable predictions of chemical effects on individual and population fitness across different species faced with various environmental constraints (Fig. 2) .
Evolutionary life history theory, schematically depicted in Fig. 2 (left side), states that at each point of their lifetime, organisms make decisions on the allocation of available energy resources to survival, growth and reproduction in a manner that ensures the production of largest possible number of surviving offspring. Which process is given the most priority at a certain time depends on the life history strategy of the organism, which is shaped by natural selection. For example, consider r-selected or K-selected species, adapted to life in unstable or stable environments, respectively (Pianka, 1972) . In addition to life history strategy, energy allocation decisions at each time point are influenced by the functional status of the organism (e.g. age or nutritional conditions) as well as environmental variables, which among other aspects such as temperature, daylight or season, include exposure to chemicals (Fig. 2, left side) . Diversion of energy resources to handle stressor-induced energy expenditure results in trade-offs in regard to other vital processes. For example, cadmium-adapted least killifish (Heterandria formosa) were shown to exhibit several fitness trade-offs, including decreased fecundity, smaller-sized offspring and shorter female life expectancy, indicating changes in resource allocation upon emergence of resistance to cadmium (Xie and Klerks, 2004) .
In ecology, various theories and models have been built around evolutionary optimization algorithms that predict how organisms allocate energy to maintenance, growth and reproduction in different environmental situations (Stearns, 1989; Roff, 2002) . However, they lack an in-depth experimental validation and tend to be generalizations with very little mechanistic information associated with them. There is a clear need for a more detailed knowledge on the molecular basis of phenotypic outcomes, as still relatively little is known at present about the molecular mechanisms that underlie the interaction between multiple endocrine axes that regulate specific processes and guide the energy allocation decisions Fig. 2 . Proposed approach to improve cross-species extrapolation based on reciprocal information exchange between evolutionary life history theory and adverse outcome pathways (AOPs) see text (Section 4.2) for explanations. (Flatt and Heyland, 2011) . In this context, AOP-derived knowledge can be used to provide concrete hypotheses regarding molecular mechanisms operating along specific pathways resulting in survival-, growth-or reproduction-related AO, and inform on data gaps requiring further experimental testing (Fig. 2, right side) . Empirical data thus generated would serve to validate and refine both theoretical models of life history as well as AOPs themselves. Consequently, this activity would help to decipher the current void in our knowledge regarding molecular mechanisms underlying energy allocation decisions (i.e., the ''black box'') and how they are affected by chemical stress in different organisms.
Evolutionary life history theory and knowledge generated by ecologists provides a wealth of information and (at least theoretical) predictions on life history strategies and trade-offs between survival, growth and reproduction exhibited by different species in favorable and stressed environments. A broader incorporation of this information into AOPs would enhance their utility for making more reliable predictions of chemical influences on both organism traits and population fitness across different species (Fig. 2, right  side) . On the individual level, information on different life history strategies would provide a better understanding of the decisions on energy investment toward survival, growth and reproduction taken by different species. Moreover, as has already been suggested previously, ecotoxicologists should make broader use of information obtained by ecological studies that investigated the influence of natural variation on organism fitness as well as diverse fitness trade-offs exhibited by organisms under stress (Van Straalen, 2003; Ellegren and Sheldon, 2008) . Knowledge on species life history strategies would also facilitate more reliable extrapolations between individual-based and population-level AOs for each species. For example, the consequences of growth or reproduction impairment in individuals for overall population trajectory may differ significantly across species depending on their reproductive strategy (e.g. single or multiple reproduction events over the life span). Indeed, some attempts to accommodate life history strategy and susceptibility to stressors in population models have already been made Spromberg and Birge, 2005) , but more efforts should be devoted to this research area in the future.
One limitation of the current AOP framework in regard to incorporation of life history theory may appear to be that AOPs are generally constructed for only one individual-based AO (e.g. growth or reproduction) at a time, although, as has been discussed above, these are highly interlinked and depend on particular energy allocation decisions taken in a specific situation. However, the complex knowledge derived from multiple AOPs can be accommodated in the AOP networks, i.e. interconnected presentation of linkages between diverse KEs and AOs shared by different AOPs. To facilitate the exploration of recorded AOPs, a tool called AOP Xplorer is being developed within AOP wiki with a goal to allow visualizing the AOPs that converge on shared KEs or AOs or the different AOs that might arise following the perturbation of particular MIE or KE. Thus, in the long-term, the information captured in the AOP networks might allow deciphering how the different endocrine axes interact to guide the trade-offs that an organism makes between survival, growth and reproductionrelated processes. Collectively, an integration of evolutionary life history theory and AOP concepts could result in a novel approach to predict contaminant effects across multiple species, including those that are endangered and/or impossible to test in the lab.
Conclusion
To decipher the effects of chemical mixtures on populations of different species in the environment, we need efficient testing and modeling approaches that would allow consideration of multiple stressors and reliable extrapolation of chemical effects across species. AOPs offer a powerful approach to collect, organize and generalize toxicity-related information, allowing new insights, guiding further research and targeted application of computational models, facilitating the development of alternative tests useful for practical risk assessment purposes and aiding prioritization of environmental exposures that warrant further toxicological assessment. Targeted development of specific AOPs could benefit the research on chronic toxicity in particular by improving the understanding of the molecular mechanisms as well as significance of sublethal effects for individual fitness. In the adjacent paper, we illustrate this process by focusing on growth impairment as an outcome of chronic toxicity in fish (Groh et al., 2015) .
To strengthen the utility of AOPs and the AOP wiki resource for ecotoxicological risk assessment, we advocate for (i) incorporation and further development of specific modules in the AOP wiki to record the events occurring upstream of MIE as well as situationspecific ecological contexts influencing the AOs and (ii) integration of AOPs with computational modeling approaches and with evolutionary life history theory. The extended AOP framework can serve as a venue for integration of knowledge derived from various sources, including empirical data as well as molecular, quantitative and evolutionary-based models describing species responses to toxicants. In the future this will allow a more efficient application of AOP knowledge for quantitative chemical-and site-specific risk assessment as well as for extrapolation across species.
The discussions presented above have been initiated at an international expert workshop ''Advancing AOPs for integrated toxicology and regulatory applications'' that took place on March 2-7th, 2014, in Somma Lombardo, Italy. Many more aspects related to development and applications of AOPs for risk assessment are highlighted in several other papers originating from the same workshop, which can be found at https://aopkb.org/saop/. In particular, these manuscripts provide a detailed guidance on strategical approaches to AOP development and discuss weight-ofevidence evaluation of AOPs, regulatory acceptance of AOPs and use of AOPs in guiding integrated approaches to testing and assessment. genomic methylation levels in the liver and gonads of the three-spine stickleback (Gasterosteus aculeatus) after exposure to hexabromocyclododecane and 17beta-oestradiol. Environ. Int. 34, 310-317.
